The DFT-B3LYP method, with the base set 6-31G (d) was used to calculate electronic and charge descriptors. The present study was performed using principal component analysis (PCA), multiple linear regression analysis (MLR) and non-linear multiple regression analysis (MNLR) to predict unambiguous QSAR models of 46 substituted phenethylamines toward psychotomimetic activity. Results showed that the MLR and MNLR predict activity in a satisfactory manner. But among those models, we concluded that the latter one provides a better agreement between calculated and observed values of psychotomimetic activity. Also it shows very good stability towards data variations for the validation methods.
Introduction
Ideal psychotomimetics are those agents which produce changes in thought, mood, and perception, with little memory impairment, little stupor, narcissism or excessive stimulation, minimal autonomic side effects, and are not addicting, as they are defined by Hollister [1] . Their psychotomimetic activity is expressed in relation to the chosen standard mescaline (UM) and defined as the ratio of the effective dose of mescaline to the effective dose of the tested compound [2] . Among the well-known psychotomimetics are the phenethylamines [3, 4] , which will be the subject of the present study.
The phenethylamine derivatives such as, amphetamine, methamphetamine, and mescaline that are known to display psychotomimetic activity, have been studied with different approaches so far [5, 6] . As it is difficult to test this type of activity on humans being, theoretical research can circumvent these difficulties and allow obtaining precise data while taking advantage of the rapid progress of computing chemical quantum descriptors, which can be obtained easily from publicly available software. Those can be used to build a quantitative structure activity relationship (QSAR) model to enable calculation of the activity and prediction of the efficacy of new phenethylamines.
The QSAR of phenethylamine psychotomimetics still receives considerable attention because these agents represent a large family of abused substances and continue to be a source of new illicit drugs as witnessed over recent decades [7] . Although QSAR of phenethylamines have previously been developed with steric and lipophilic descriptors [1, 8] it is important to extend these with all available data.
The QSAR models described in the previosuly study [8] focus on simple physico-chemical descriptors but are not sufficient for generating comprehensive structure-activity relationships. Electronic descriptors, which can be obtained by calculation, can describe defined molecular activities, and are not restricted to closely related compounds. Therefore, the development of QSAR models in which electronic descriptors are used has great potential [9] . In recent years, some comparative QSAR studies have shown that employing the descriptors calculated using the density functional theory (DFT) method instead of the semi-empirical methods as AM1 or PM3, can improve the accuracy of the results and lead to more reliable QSAR models [10] . Arulmozhiraja and Morita [11] have studied relationships between the various DFT-based descriptors (absolute softness, electronegativity, and electrophilicity index) and the toxicity of 33 polychlorinated dibenzofurans (PCDFs), the results showed a moderate to satisfactory success for the DFT-based reactivity descriptors in the toxicological QSARs. Pasha et al. [12] investigated quantum chemical reactivity descriptors based QSAR models on toxicity of phenol derivatives with AM1, PM3, PM5 and DFT methods, indicating that the DFT method is more reliable than other and has an improved predictive power.
This work is aimed at deriving correlation models, which explain the relationship between the psychotomimetic activity, and the structure of 46 phenethylamines compounds based on electronic, charge and physico-chemical descriptors using several chemometric methods such as principal component analysis PCA, multiple linear regression RML and non-linear regression MNLR.
Materials and methods
Psychotomimetic activities of 46 phenethylamines were taken from the literature [2] the activity was expressed as MU (Mescaline Units) and is defined as mole mescaline/mole of the tested phenethylamine. Fig. 1 and Table 1 show the substituted structures of the studied compounds. For modeling, the data set was split into two sets. Thirty five molecules were chosen randomly to represent the quantitative model (Training set) and the rest were used to test the performance of the proposed model (test set). Additionally a leave-one-out protocol was performed on the training set for internal validation of the obtained models.
Molecular descriptors
To describe the compound structural diversity, a total of 13 descriptors encode three important properties have been calculated for each phenethylamine: (a) Charges descriptors, Q p : the net atomic charge on the para position; Q min : the most negative net atomic charge; (b) electronic descriptors, E T (eV): the total energy; IP (eV): the ionization potential; E HOMO (eV): the highest occupied molecular orbital energy; E LUMO (eV): the lowest unoccupied molecular orbital energy; DM (Debye): the dipole moment and (eV): the absolute hardness [13] ; were calculated utilizing Gaussian 03 [14] with the DFT calculations.
On the other hand, physico-chemical descriptors were calculated, namely: MW (g/mol): the molecular weight; D (g/cm 3 ): the density; n: the refractive index; γ (dyne/cm 3 ): the surface tension and (log P): the octanol/water partition coefficient, utilizing Chemsketch and ChemDraw softwares [15] . Thus, descriptors data matrix of dimension of (46*13) was generated Table 2 .
Methodology
After the calculation of descriptors, a principal component analysis (PCA) [16] was performed to eliminate the correlated descriptors (R > 0.8). The remaining descriptors were used to perform an MLR study with backward selection until a valid model including: the critical probability P-value <0.05 for all descriptors and for the complete model, The Fisher static, the coefficient of determination, the mean squared error and the multicolinearity test. Later, the chosen variables in the best linear model were exploited to generate the applicability domain, then to evaluate a non-linear model.
Statistical analysis
In this study XLSTAT version 2013 [17] was used to perform principal component analysis (PCA) multiple Table 2 The values of Molecular descriptors used in QSAR study. 
regression (MLR) and non-linear regression (MNLR).
The PCA is a mathematical technique used to reduce the dimensionality of a data set consisting of a large number of interrelated variables while retaining as much as possible of the variation present in the data set [18] , the method is mostly used as a tool in exploratory data analysis and for making predictive models.
Multiple linear regression (MLR) is a statistical method aimed to establish a mathematical relationship between a property of a given system and a set of descriptors that encode chemical information. Also it serves to select descriptors that are applied as input in multiple non-linear regression (MNLR).
Validation
The main objective of a QSAR study is to obtain a model with the highest predictive and generalization abilities. In order to evaluate the predictive power of the QSAR models developed, two principals (internal validation and external validation) were performed. For the internal validation the leave-one-out cross-validation (R 2 CV ) was used to evaluate the stability and the internal capability of the models in the present paper. A high R 2 CV value means a high internal predictive power of a QSAR model and a good robustness. Nevertheless, the study of Globarikh [19] indicated that there is no correlation between the value of R 2 CV for the training set and predictive ability of the test set, revealing that the R 2 cv is still inadequate for a reliable estimate of model's predictive power for all new chemicals. So, the external validation remains the only way to determine both the generalizability and the true predictive power of QSAR models for new chemicals. For this reason, the statistical external validation was applied to the models as described by Globarikh and Tropsha. Roy and Roy [19] [20] [21] using a test set.
Results and discussion

Data set for analysis
A QSAR Study was carried out for 46 phenethylamines as reported previously [1, 8] in order to establish a quantitative relationship between their structures and the psychotomimetic activity. The values of the 13 calculated descriptors are listed in Table 2 .
Principal component analysis
The principal component analysis (PCA) was performed to the 13 descriptors of the 46 molecules, 13 principal components were obtained (Fig. 2) , the first four axis F1, F2, F3 and F4 represent respectively (34.1%; 20.3%; 10.6% and 9.6%) of the total variance and they estimate 74.7% of the total information.
The PCA was performed to identify the correlation between the different descriptors. It is also helpful for understanding the distribution of the compounds [22] . The correlation's matrix of the thirteen descriptors is shown in Table 3 .
The correlation coefficients in the obtained matrix provide the information about the high or low interrelationship between the descriptors. Generally good co-linearity (r > 0.5) [23] was present between the majority of the variables. A high interrelationship was observed between γ and n (r = 0.951). Additionally, to decrease the redundancy existing in our data matrix, the descriptors that are highly correlated (R ≥ 0.8), were excluded.
Multiple linear regressions MLR
Based on the twelve remaining descriptors a mathematical linear model was proposed to predict quantitatively the physicochemical effects of substituents on the psychotomimetic activity of the 46 molecules by using backward regression. The best linear model using this method is only one contained five molecular descriptors: the total energy E T , the energy E HOMO , the energy E LUMO , the dipole moment (DM) and the surface tension (γ).
The following equation represents the QSAR model obtained using the backward regression linear multiple (RLM) method:
R 2 is the coefficient of determination, F is the Fisher statistic and MSE is the mean squared error. Higher coefficient of determination and lower mean squared error indicate that the model is more reliable. A P smaller than 0.05 means that the obtained equation is statistically significant at the 95% level. The obtained model was cross-validated by its applicable R 2 cv value (R 2 cv = 0.601) using the leave-one-out (LOO) method. A value of R 2 cv greater than 0.5 is the basic criteria to qualify a model as valid [19] .
The multi-collinearity between the above five descriptors were detected by calculating their variation inflation factors VIF as shown in Table 4 ; Accordingly, it has been found that the descriptors used in the proposed model have very low-inter-correlation.The VIF [24] was defined as 1/(1 − R 2 ), where R is the coefficient of correlation between one descriptor and all the other descriptors in the proposed model. A VIF value greater than 5.0 indicates that the model is unstable, a F2  F3  F4  F5  F6  F7  F8  F9  F10  F11  F12 F13 Fig. 2 . The principal components and their variances. Table 3 Correlation matrix between different obtained descriptors. Negative values in the regression coefficients show that the indicated variables (E T , E LUMO , DM and γ) contribute negatively to the value of log UM, whereas positive value in the regression coefficient of variable (E HOMO ) indicates that the greater the value of the variable, the greater the value of the log UM. Put differently, increasing the Total energy E T , the energy E LUMO , the dipole moment, (DM) and the surface tension (γ) will decrease the log UM. While the increase in the energy E HOMO will increase the log UM of the phenethylamines.
The correlations of the predicted and observed activities are illustrated in Fig. 3 . The descriptors proposed in Eq. (1) by MLR are then used as the input parameters in the multiple nonlinear regressions (MNLR).
Multiples nonlinear regression (MNLR)
The nonlinear regression model was used also to improve the structure-activity in quantitative manner to evaluate the effect of the substituents on the psychotomimetic activity. Both training set and descriptors selected by MLR were used in this method to build the non-linear model. The best regression performance was selected according to the coefficient of determination R 2 and the mean squared error MSE, a pre-programmed function in the XLSTAT was used to evaluate the nonlinear regression model as follows: 
The obtained model Eq. (2) was cross-validated by its applicable R 2 cv value (R 2 cv = 0.635) using the leave-oneout (LOO) method. A value of R 2 cv greater than 0.5 is the basic criteria to qualify a model as valid [19] . It can be seen clearly from the key statistical indicators, coefficient of determination R 2 , mean squared error MSE and, value of R 2 cv , that the predicting ability of this model is better than that of the linear model (MLR). The enhancement in the predictive ability was due to the involvement of the squared terms in the non-linear model. Fig. 4 shows the correlation between the predicted and observed log UM values.
Applicability domain
The utility of a QSAR model is its accurate prediction ability for new chemical compounds, so, once the QSAR model is built, its domain of applicability (AD) must be defined. A model is considered valid only within its training domain and only the prediction for new compounds falling within its applicability domain can be considered reliable and not model extrapolations. The most common method to define the AD, it is based on the determination of the leverage value of each compound [21] . The Williams plot (the plot of standardized residuals versus leverage values (h)) is used in the present study to visualize the AD of the QSAR model.
where the x i is the descriptor vector of the considered compound, X is the descriptor matrix derived from the training set descriptor values, the threshold is defined as:
where n is the number of compound in the training set, k is the number of the descriptors in the proposed model, a leverage (h) greater than the threshold (h*) indicates that the predicted response is an extrapolation of the model and, consequently, it can be unreliable. The Williams plot of the presented MLR model is shown in the Fig. 5 , the applicability domain is established inside a squared area within ±2 standard deviation and a leverage threshold h* of 0.51. As shown in the Williams plot the majority of the compounds in the data set are in this area, except one (compound 7) in test set exceeds the threshold and it is considered as an outlier compound, also, compound 1 in the training set is considered as an outlier because it exceeds the crucial hat value. These erroneous predictions could probably be attributed to the presence of the bromine on the para position in chemicals 1 and 7, whereas, the majority of compounds 
External validation
To test the prediction ability of the obtained models: MLR and MNLR, it is required the use of a test set for external validation. Thus, the models generated on the training set using 35 phenethylamines were used to predict the activity of the 11 remaining molecules. The parameters of the performance of the generated models are shown in Table 5 . It can be seen clearly that the MNLR is statically better than the MLR model.
Among the obtained models, the MNRL model has the highest determination coefficients for the training set (R 2 = 0.825) and test set (R 2 test = 0.746), also the highest Cross-validation coefficient (R 2 CV = 0.635), all that support the applicability of the proposed MNLR prediction model, because the MNLR approach yields better results than those of MLR. However, both the results obtained Table 1 (h* = 0.51 and residual limits ±2). by the MLR and MNLR should be regarded as satisfactory for predicting the psychotomimetic activity using the proposed descriptors.
Conclusion
To predict the psychotomimetic activity of substituted phenethylamines compounds, two unambiguous models were developed in this study. Good stability and great prediction ability were achieved by each model. Furthermore, the MNLR results are better, compared to those obtained from the MLR models. So, the MNLR model is considered as an effective tool to predict psychotomimetic activity of substituted phenethylamines based on the proposed descriptors.
The accuracy and predictability of the proposed models were checked based on the domain of applicability and by comparing key statistical indicators, such as the R or R 2 of the obtained models using different statistical tools, as shown in Table 5 . To validate these results, a test set was used, as shown in Table 6 .
Finally, we concluded that the electronic and physicchemical descriptors used are able to encode the structural features of the studied compounds, and they could be used successfully with other descriptors for the development of unambiguous predictive QSAR models.
